Introduction
There is increased interest in the use of precision agriculture to better understand the within-field variability, for efficient management of various fertility-enhancing inputs mostly in high-input modern agriculture but also in shifting cultivation (Godwin & Miller, 2003) . Site-specific management is the process of managing soils based on localized conditions within field boundaries (Carr et al., 1991) .
Soil properties vary in time and space, and variability of soil properties is the rule rather than the exception. Natural variability of soil results from complex interactions between geology, topography, and climate as well as cultivation, land use, and soil erosion (Quine & Zhang, 2002) . The within-field variability in soil properties influences soil processes such as water and nutrient movement and their redistribution and supply to plants, and root growth and sustenance; and the variability also influences crop response to management and the susceptibility of soil to degradation (Shukla et al., 2004) . Knowledge of the variability of soil properties is essential to selecting as well as effectively applying management decisions in the field (Vieira & Paz Gonzalez, 2003; Shukla et al., 2004) . Determining which soil factors to base management decisions on is often a complex processes due to interactions among various factors that affect crop yield.
Several techniques have been used to understand the relationships between crop yield and soil or landscape properties in an attempt to identify important factors that influence the relationships. Correlation and multiple linear regressions (MLR) are commonly used for such purposes (Khakural et al., 1999; Kravchenko & Bullock, 2000; Adams et al., 2004) , but the results are often not satisfactory. Soil properties are often highly correlated with each other because of the processes of soil development (Moore et al., 1993) . As a result, one of the problems encountered when using regression analysis to examine the relationships between yield and a large number of correlated terrain and soil variables is the difficulty of determining the relative importance and validity of the variables included in the final model. Additionally, variables may be selected for the model even when there is no obvious mechanistic basis for their inclusion because they are strongly correlated with a variable that does have a mechanistic relationship with yield.
The problem caused by correlated variables can be minimized by grouping variables, so that the correlation of two variables from the same group is large. Each group can be represented by a new variable that is created from the variables in the group (Jolliffe, 1986) . Multivariate analysis techniques, such as principal component analysis (PCA) and factor analysis (FA) (Hair et al., 1987; Ovalles & Collins, 1988; Mallarino et al., 1999; van Es et al., 1999; Kaspar et al., 2004) , can be used to avoid the problems of multicollinearity by grouping variables that are strongly correlated and then using these groups as independent variables for regression analysis. Also, multivariate techniques partly circumvent the problems created by correlated variables and could facilitate the interpretation of complex relationships (Mallarino et al., 1999) .
Multivariate analysis in combination with multiple regressions can evaluate combined effects of variation of soil properties on biomass and yield production (Vieira & Paz Gonzalez, 2003; Jiang & Thelen, 2004; Kaspar et al., 2004; Shukla et al., 2004) . Factor analysis often is more successful at identifying groups of correlated variables because it is an analysis of covariances whereas principal-component analysis is an analysis of variances. Mallarino et al. (1999) using factor analysis showed that some of the variables measured could be grouped to indicate a number of underlying common factors influencing corn yields in five different fields. The extracted factors included soil fertility, weed control, and conditions for early plant growth. Their results indicated that the choice of site variables to be measured is very important because the variables that may explain yield variability most probably are different across fields. Kaspar et al. (2004) , by measurement of 20 soil and terrain variables, tried to determine the relative importance of soil and terrain parameters in soybean-and corn-yield variability. They also compared capability of a 20-variable data set with a seven easily measured terrain properties in order to detect variability of the crops. Factor analysis of data set led to factors termed as 'landscape position', 'closed depression', 'pH', and 'curvature'. Factor analysis of the variables, followed by a regression of yield on the resulting factors, showed that 20-variable data set explained more spatial variation in yield than did the subset of seven variables.
Barley (Hordeum vulgare) and wheat (Triticum aestivum) are similar crops that can be grown in the arid regions of Asia. However, barley is generally favored over wheat in drier areas (Wahbi & Sinclair, 2005) . Barley is one of the major crops in arid and semiarid regions, being relatively resistant to aridity and salinity (Yusefi et al., 2007) . Since a great part of Iran (approximately 90% of the country) is arid and semiarid, barley is a common crop in cropping systems. There is little information on factors influencing barley production in arid regions of Iran. So for improvement in management practices, it is necessary to identify which soil properties control barley biomass and grain-yield variability in a field. Although several attempts have been made to predict crop biomass and grain yield by some selected soil physical and chemical properties using PCA or FA and multiple regression, little information is available on prediction of barley biomass and grain yields by factor and regression analyses, especially in arid zones of Iran. Therefore, this study was conducted to determine the variability of selected soil physical and chemical properties at the field scale and to group measured soil properties into a few latent variables (Factors) to explain the variability in barley grain and biomass yields.
Material and methods

Description of the study site and sampling
The study was conducted on a farmer-operated barely field north of Aq Qala city, located about 60 km north of Gorgan in Golestan province, Iran (Figure 1 ). Since the study area has been saltaffected, the field used in the study (5.46 ha in area) has been uncultivated for a long time (20 years), and currently has been partially rehabilitated using surface drainage. Since 2004, the field has been used for barley cultivation. The mean annual temperature at the site is 14.98C. The mean annual precipitation is 360 mm which falls mainly from November through March. Soils of the study area are developed on river-plain sediments and have less 108 S. Ayoubi et al. than 2% general slope. Generally, the soil texture is silty loam and silty clay loam in the 0Á30 cm soil layer, and the soils of the study area are dominantly classified as Fine silty, mixed (calcareous), thermic, Typic Natrargids and Fine silty, mixed (calcareous), thermic, Typic Haplosalids according to Soil Taxonomy (Soil Survey Staff, 2006) . The watertable depth with high salinity (EC around 13 dS/m) varies from 1.5 to 3 m within the field and its variability follows the microtopography changes.
Seedbed preparations included chisel plowing, followed by disking each fall (autumn) before planting the crop. Considered typical, fertilizer management consisted of application of 100-30-50 kg (N-P-K) in the fall (autumn). Planting of barley (cv. Zar) was at a rate of 300 seeds per m 2 , with an 18 cm row spacing with a driller on 15 November, 2005.
Soil sampling were performed early July 2006 in 108 selected points in the field on a grid sampling scheme with 20 )30 distances, and the soil sampling coincided with the harvesting of the crop. Soil samples were collected from 0Á30 cm depth using an auger, three sub-samples per 1 m 2 area in each site, and then composed to reduce microvariability. On the same 1 m 2 plots, total aboveground biomass was harvested and grain yield of the barley crop was determined for each sample collected, by separating grains from the chaff, and the biomass and grainyield results are expressed (Mg/ha) on an oven-dry basis.
Soil analysis
Prior to analyses, the soil samples were air-dried under shade for two weeks, after which they were ground to pass through a 2-mm sieve to remove stones, roots, and large organic residues for chemical and selected physical characteristics. Soil bulk density was measured by the core method. The soil samples were oven-dried at 1058C for 24 h and weighed to calculate bulk density (Blake & Hartge, 1986) . pH was measured in saturated soil using pH electrode (Mclean, 1982) and electrical conductivity (EC) was measured in the saturated extract using a conductimeter (Rhoades, 1982) . Calcium carbonate equivalent (CCE) was measured by Bernard's calcimetric method (Salinity Laboratory Staff, 1954) . Soil organic matter (SOM) was determined using a wet-combustion method (Nelson & Sommers, 1982) and total nitrogen (TN) was determined by the Kjeldhal method (Bremner & Mulvaney, 1982) . Available potassium (K ava ) was measured using extraction with ammonium acetate (1N) (Salinity Laboratory Staff, 1954) , and cationexchange capacity (CEC) was determined by extraction with sodium acetate (Page et al., 1987) . Available phosphorus (P ava ) was measured by colorimetry using ascorbic acidÁammonium molybdate reagents (Olsen & Sommers, 1982) . Sodium absorption ratio (SAR) was calculated by measuring Na ' , Mg '' , and Ca '' concentrations in waterextracted solution (Salinity Laboratory Staff, 1954). 
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The wet-sieving method of Angers and Mehuys (1993) was used with a set of sieves of 2.0, 1.0, 0.5, 0.25, and 0.1 mm in diameter. Approximately 50 g of soil sieved through 4.6 mm was put on the first sieve of the set and gently moistened to avoid a sudden rupture of aggregates. The set was sieved in distilled water at 30 oscillations per minute for 10 minutes, and the resistant aggregate on each sieve were dried at 1058C for 24 h. The weight was recorded and corrected for sand fraction to obtain the proportion of the true aggregates. The mass of B0.1 mm fraction was obtained by difference. The method of van Bevel (1949) , as modified by Kemper and Rosenau (1986) , was used to determine waterstable aggregates (WSA) and mean weight diameter (MWD).
The WSA was calculated using Equation (1), where M (a's ) is the mass of resistant aggregates plus sand (g), M s the mass of the sand fraction alone (g), and M t the total mass of the sieved soil (g).
Available water-holding capacity (AWHC) was determined as the difference between field capacity and permanent wilting point (Klute & Dirksen, 1986) . Water retention at field capacity ((33 kPa) and at permanent wilting point ((1500 kPa) were determined using a pressure-plate apparatus.
Statistical analysis
Descriptive statistics in the form of mean, standard error of mean (SE), minimum, maximum, median, coefficient of variation (CV), distribution of normality, range, skewness, and kurtosis were determined (Wendroth et al., 1997) . The CV was used to describe the amount of variability for each soil parameter and yield. Pearson linear correlations among parameters were calculated using SPSS software (Swan & Sandilands, 1995) and were used to interpret relationships among soil and yield variables.
Principal-component analysis was used to group the 14 soil variables into factors based on the correlation matrix of the variables using PROC FACTOR and the PCA method of factor extraction (Hair et al., 1987; Brejda et al., 2000; SAS Inst., 2000) . Principal-component analysis was used as the method of factor extraction because it requires no prior estimates of the amount of variation of each soil variable that will be explained by the factors. Its purpose is to derive linear combinations of a set of variables or factors that retain most of the information and variation contained in the variable data set (SAS Inst., 2000) . The maximum number of factors possible is 14, which is equal to the number of variables. Only factors with eigenvalue 1 were retained (Hair et al., 1987; Brejda et al., 2000) and were rotated orthogonally with the varimax option (SAS Inst., 2000) . Rotation of factors is essentially the application of linear transformation to obtain a more meaningful and discriminating pattern of variable factor loadings within and between factors (Hair et al., 1987) . Factor loadings are the correlations between the soil variables and each factor. A stepwise regression procedure (PROC REG; SAS Inst., 2000) was used to regress barley biomass and grain yield on the factor scores. Selection of factors for inclusion in the model was based on probability 50.05 (Freund & Littell, 2000; SAS Inst., 2000) .
Biomass and grain yield were the dependent variables, and the latent variables (Factors) were the independent variables. The modelling was done on training data set including 80% of all samples (90 samples).The models were of the form shown in Equation (2), where Y represents estimated barley biomass and grain yields, b o to b n are coefficients, F 1 to F n are the latent variables, and o represents residual error. The selection of the best predictive model was performed based on root-mean-square error (RMSE) values and determination coefficient (R 2 ), using validation data set (22 samples). RMSE was determined by Equation (3) (Douaoui et al., 2006) , where n donates the number of samples, and Z* and Z are the predicted and measured values, respectively.
Once the factors that were significantly related to biomass and grain yield of barley were found, their meaning in terms of soil components had to be determined. Soil parameters with larger loadings in eigenvectors contribute more to the factor and can be interpreted as the effective properties in variability of yield production.
Results and discussion
Parameter statistics
The descriptive statistics of 14 soil chemical and physical parameters and biomass and grain yield of barley are presented in Table I . All variables were 110 S. Ayoubi et al. (Table I ) also confirmed that all variables were normally distributed, although some researchers suggested that, in disturbed ecosystems, some soil variables show skewed distribution (Wang et al., 2003) , but normality test and skewness values of soil properties showed low deviation from normal distribution. Based on the earlier research of the site (field) studied (Khormali & Ayoubi, 2006) , the surface-soil texture showed the minimum variability and was classified mainly as Silt or Silty Clay Loam. Although a uniform management regime was implemented for this field by the farmer, variation in both soil parameters and barley production was considerable (Table I) . As a result of the lack of fertilization for a long time, average available P was 43.39% lower, and available K was 21% lower compared with the K and P status of fields that have been reclaimed and cultivated for a longer time (10 years) with wheat and barley (Ayoubi et al., 2007) . Electrical conductivity ranged from 1.1 to 63.3 dS/m and SAR varied from 1.00 to 33, implying that reclamation of the field had been only partially achieved; and this was reflected in microvariability in elevation throughout the field; this in conjunction with high evapo-transpiration potential in the study area led to high saline and sodic zones within the field. Owing to high Na content, low levels of OM, and consequently poor soil aggregation, MWD and WSA were 68% and 44% lower than that of cultivated fields with similar soil properties (soil texture, CEC, and clay mineralogy) in the same province (Ayoubi, 2005) .
normally distributed (according to the KolmogorovÁ Smirnov test). Skewness values
Parameter variability
Soil variability is a key element in site-specific soil management. Variability in space and time for point data can give valuable insight into the dynamic nature of soil properties within a field's boundary. Management of this variability is worthwhile if the variability is high enough to justify the costs for obtaining the information or if the proposed management will increase profit. The knowledge of the variability in soil physical and chemical properties is a key for designing site-specific management practices (Shukla et al., 2004) . To define variability into three classes, we applied the system suggested by Wilding (1985) . In general the properties having CV 0.35 and highly variable in the field were in the order of EC (0.70) MWD (0.53) P ava (0.47) CCE (0.35). The highest CV for EC reflects the role of microtopography in controlling the underground water depth and salt accumulation (Kovda, 1977) . The variables contributing CVs between 0.35 and 0.15 are classified as moderate variables including SAR, CEC, OM, and WSA. The remaining variables indicated low variability (CV B0.15). pH showed the least CV (0.02) within the field. Several researchers confirmed the lowest variability for pH that occurs within landscape units of a few hectares or less (Cox et al., 2003; Shukla et al., 2004) .
Correlation analysis
The linear correlation analysis of the 14 soil attributes, which represent soil physical and chemical properties for the 0Á30 cm depth and barley biomass Relationship of barley biomass 111 and grain yield, showed there was significant correlation among 64 of the 120 soil attribute pairs (P B0.01, and P B0.05) (Table II) . Barley biomass and grain yield were positively correlated (r 00.78, P B0.01) and barley biomass was also positively correlated with OM, TN, and WSA (r 0.35), AWHC, and MWD (r 0.33) and had low positive correlation with FC, K ava , and P ava (r 0.18, P B0.05). Barley biomass showed negative correlation with EC (r 0(0.76, P B0.001) and SAR (r 0 (0.65, P B0.01). The grain yield of barley within the field was positively correlated with OM and AWHC (r 0.36, P B0.01), MWD, FC, and WSA (r 0.19, PB0.05), and negatively correlated with EC (r 0(0.67, P B0.001), SAR (r 0(0.51), and pH (r 0(0.18). Shukla et al. (2004) reported positive correlation between corn grain yield and OM, WSA, TN, and AWC (available water capacity) and negative correlation with soil pH. The negative correlation of barley biomass and grain yield with EC, SAR, and pH showed that the salinity and sodicity significantly affected crop production in the study area. Also, positive correlation of AWHC, MWD, FC, and WSA with barley yield indicated that the soil aggregation, which impacts both transmission and storage pores, affected both biomass and grain yield (Shukla et al., 2004) . High positive correlation (r 00.88) of total nitrogen with SOM indicated that mineral nitrogen (NH 4 ' and NO 3 ( ) used by farmers did not influence variability of total nitrogen, which was controlled mainly by organic nitrogen. Positive correlation between EC and SAR (r 00.55) revealed that a considerable portion of soil solution contained Na ' . MWD and WSA were highly positively correlated (r 00.87, P B0.0001) and their positive correlation with OM (0.61 and 0.37, respectively) and negative correlation with SAR ((0.28 and (0.20, respectively) are indicative of the instructive impact of OM on soil aggregation and the influence of sodicity on soil dispersion. Aggregate stability depends on interaction between primary particles and organic constituents to form stable aggregates, which are influenced by various factors related to soil environmental conditions and management practices (Elustondo et al., 1990; Celik, 2005) . Soil organic matter plays a key role in the formation and stabilization of soil aggregate (Lu et al., 1998) .
Factor analysis
Factor analysis is the name of a class of multivariate statistical methods that can be used to summarize and describe large groups of variables (Hair et al., 1987; Brejda et al., 2000; Kaspar et al., 2004) . It can be used to identify relationships among groups of Table II variables, and when examined may suggest an underlying common factor that explains why these variables are correlated. Of the 14 possible factors, only the first five had eigenvalues 1.0 (Table III) . The factors with eigenvalue 1 were retained, since eigenvalue B1 indicated that the factor could explain less variance than could individual attributes (Shukla et al., 2006) . The first and most important factor (Factor 1) explained 30.20% of the total variance. The second factor accounted for a further 19.71% of the total variance. Factors 1 through 5 collectively accounted for 77.80% of the total variance and inclusion of more factors did not significantly increase in total the explained variance (Figure 2) .
Communalities of the 14 variables measured in the field indicated that these five factors explained a large part of the variation of most of the measured variables (Table III) . More than 85% of the variation in MWD, FC, WSA, EC, CEC, and AWHC was explained by the five factors. Measured variables with relatively high factor loadings within each factor correlation are indicated in Table III . Factor loadings indicate the correlation between a variable and an underlying common factor. These highly loaded variables were then used to propose a possible common underlying factor that linked variables together within each factor. The fact that two or more variables (Factors) are grouped in a latent variable suggests a possible common factor that makes them vary together within the field. The signs of the factor loadings provide information of how these variables relate when representing the common factor.
The interpretation of each latent variable (Factor) is an important aspect of factor analysis and no general rules can be provided (Mallarino et al., 1999) . Agronomic knowledge of potential reasons for the observed co-variation and subjective judgment are involved. The underlying common factor represented by the Factors may not be readily obvious, but the results provide a basis for speculation. Factor 1 had the largest eigenvalue (Table III) and had the highest loadings (0.6) for EC and SAR. It was termed the 'salinity and sodicity' factor because EC and SAR showed the highest loadings in the first factor. Factor 2 was termed the 'fertility' factor because of high positive loadings for P ava and TN and high negative loading for pH. The high positive loadings for P ava and TN verified the relatively high correlation between them (r 00.49, P B0.01, Table II ). On the other hand the negative correlation between P ava and pH suggested that availability of phosphorus strongly depended on the Relationship of barley biomass 113 soil acidity (Lindsay, 1979) . Factor 3 was termed the 'aggregation' factor because MWD and WSA had the highest positive loadings in this factor. These two variables were highly correlated (r 00.87, Table II) to each other and with OM. Also, other authors (Islam & Weil, 2000; Celik, 2005) emphasized the influence of organic matter on soil aggregation. Factor 4 was termed the 'water availability' factor because FC and AWHC showed the highest positive loadings (Table III) . The positive coefficients of factor 2 (Table IV) showed the positive influence of soil fertility to improve barley biomass-yield in the field studied.
Regression analysis
Using factors as variables for multiple regression analysis (stepwise regression analysis) avoids the multicollinearity problems that are associated with multiple regression analysis using variables that are correlated with each other. Table IV shows coefficients and statistics of models relating barley biomass with the latent variables (Factors). The first factor explained almost 60% of the total variance and contrasted the negative influences of EC and SAR (Model 1, Table IV ). The addition of one more parameter (Factor 2) to Model 1 increased the R 2 from 0.60 to 0.78 (Model 2, Table IV ). The addition of one more factor (Factor 3) to the previous model increased R 2 from 0.78 to 0.79, which is not a pronounced improvement. The root-mean-square error (RMSE) of barley biomass prediction ranged from 0.08, through 0.031 to 0.047 for these three models, respectively. Because of the negligible increase in R 2 in Model 3 compared with Model 2, and the lowest RMSE and significant R 2 for Model 2, the selection of the 2-parameter model (Model 2, Table IV ) was probably the best predictor for barley biomass. As a result, the first two factors were included in the regression equation. The most important term in the regression equation for barley biomass prediction was the salinity and sodicity, Factor 1, which had the largest coefficient. Interpretation of the signs of the coefficients of the models requires study of signs and relative weights of the factor loadings of the variable included in each latent variable (Table III) and simple correlations (Table II) . For example, the negative sign of 'salinity and sodicity' latent variable seems reasonable, because salinity restricts the plant production by different ways including: increased water stress, by reducing the osmotic potential, antagonistic behavior with nutrients, ion toxicity (Mass & Grieve, 1987; Corwin & Lesch, 2003; Khan et al., 2004) ; and sodicity destroys soil physical characteristics (Felhendler et al., 1974; Aggasi et al., 1981; Eltaif & Gharaibeh, 2007) .This effect could have been overlooked by simple observation of a table of simple correlation, because both EC and SAR were correlated and showed significantly negative correlation with biomass and grain yield (Table II) . These results are consistent with results reported by other authors, that a considerable variability in crop yields in salt-affected soils is explained by electrical conductivity (Kitchen et al., 2003) . Table IV . Coefficents, and multiple coefficient of determination (R 2 ), and root-mean-squared error (RMSE) for regression models for relating barley biomass with latent variables in the field of study (only factors significantly related to biomass included in the Table) 
, and root-mean-squared error (RMSE) for regression models for relating grain yield of barley with latent variables in the field of study (only factors significantly related to grain yield included in the Table) 114 S. Ayoubi et al. Table V provide coefficients and statistics of models relating to grain yield with latent variables. The first factor explained 68% of the total variance of grain yield and contrasted the negative influences of EC and SAR (Model 1, Table V) . Addition of two more factors (Factor 2 and Factor 4) increased R 2 from 0.68 to 0.72 and 0.73 for Model 2 and Model 3, respectively. The last model (Model 3) was identified as the best predictive model based upon R 2 and RMSE values, whereas this model showed the highest R 2 and the lowest RMSE (Table V) . In this equation regression model Factor 3 (namely aggregation) was not significant. It means that, in the field studied, grain yield of barley was predominantly affected by salinity and sodicity, soil fertility, and water availability rather than by soil aggregation. It is important to note that despite having the same nomenclature (i.e., F 1 , F 2 . . .), the variables for each regression equation are independent of those used in other equations. Salinity and sodicity and soil fertility were identified as the most controlling factors for barley biomass and grain yield based upon the regression analysis. According to loadings of eigenvectors in significant factors, the most controlling soil properties were identified as EC, SAR, pH, TN, and P ava for both biomass and grain yield. Moreover, AWHC and FC were determined as the soil properties which affected grain yield of barley in the study area. The significant difference between two developed models was related to water availability, which contributed to grain yield. It seems that water-retention capacity of soil had a valuable effect on grain-filling in the maturity stage of growth (Agueda et al., 2007) .
Data in
The fact that several groups of correlated site variables could be identified for each field does not necessarily mean that they explain yield variability. The developed regression equations for prediction of barley biomass and grain yield explained 75 and 72% variance in biomass and grain yield. Therefore, the remaining variance may belong to nonmeasured variables like micronutrient variability and management effects such as irrigation pattern and weed control within the field. Furthermore, the prediction capability of these models, the latent variables that are significantly related to yield, can be useful to understand the reasons for biomass and grain-yield variability, and this understanding can, in turn, be used to manage better for crop production.
Soil variability expressed as CV was low for pH, BD, FC, K ava , TN, and AWHC, moderate for SAR, CEC, WSA, and OM, and the highest for EC, MWD, P ava , and CCE. Biomass and grain yield also had relatively high variability. Correlation analysis among soil variables showed that there are significant correlations in the great soil attributes pairs (50%). Therefore factor analysis was established. Factor analysis provided a rational criterion for including and arranging correlated attributes in multiple regression models relating biomass and grain yield with soil attributes. The results showed that the first five factors had eigenvalues more than 1, and explained 77.80% of total variance. Each factor was termed based on loadings of soil variables in that factor. The first four factors which were significant in the regression models were termed as 'salinity and sodicity' for factor 1, 'soil fertility' for factor 2, 'aggregation' for factor 3, and 'water availability' for factor 4.
The stepwise regression identified factor 1, which explained 30.2% of variability, as the dominant indicator for predicting biomass and grain yields. The coefficients of factor 1 were negative for both grain and biomass yield. Therefore, improvement in soil drainage and application of amendments for rehabilitation of salinity and sodicity will increase biomass and grain yield of barley. Furthermore, the coefficient of factors 2 and 3 for biomass, and factors 2 and 4 for grain yield, were positive, indicating that improvement of soil fertility and soil attributes affecting water availability (such as soil structure and organic matter) are important to increase crop productivity. Overall, the results revealed that factor analysis was successful in identifying groups of correlated soil variables that were significantly correlated with the within-field yield variability. The results of this study are only applicable to the site studied and to other sites in the same region with similar topography, climate, soils, and management. However, the methodology used for analysing the data has wider applicability and can be applied to other sites and crops.
